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INTROSPECTIVE EXTRACTION AND generator network may be iteratively adjusted until the first 
COMPLEMENT CONTROL output label is outside a predetermined second threshold 

from the second output label . 
BACKGROUND In one embodiment , the first and second output labels are 

binary . 
Technical Field In one embodiment , the training is unsupervised . 

In one embodiment , the number of input features identi 
The present disclosure generally relates to natural lan- fied by the generator network is limited based on a compu 

guage processing ( NLP ) , and more particularly , to training tational capability of the computer . 
NLP applications . In one embodiment , the generator network is an intro 

spective generator that predicts a label before selecting the 
Description of the Related Art one or more input features from the corpus of data . The 

generator network may have a classifier having an architec 
In recent years , the rapidly expanding applications of ture that is similar to that of the first predictor network . 

complex neural models also ushered in criteria other than 15 These and other features will become apparent from the 
mere performance . For example , various decision applica following detailed description of illustrative embodiments 
tions , such as medical and other high - value classification thereof , which is to be read in connection with the accom 
applications involve some verifying reasons for the pre- panying drawings . 
dicted outcomes . This area of self - explaining models in the 
context of NLP applications has primarily evolved along two 20 BRIEF DESCRIPTION OF THE DRAWINGS 
parallel tracks . On one hand , neural architectures can be 
designed that expose more intricate mechanisms of reason- The drawings are of illustrative embodiments . They do 
ing such as module networks . While nt , such not illustrate all embodiments . Other embodiments may be 
approaches may still involve adopting specialized designs used in addition or instead . Details that may be apparent or 
and architectural choices that do not yet reach accuracies 25 unnecessary may be omitted to save space or for more 
comparable to Blackbox approaches . On the other hand , effective illustration . Some embodiments may be practiced 
limited architectural constraints may be applied in the form with additional components or steps and / or without all the 
of selective rationalization where the goal is to only expose components or steps that are illustrated . When the same 
the portion of the text relevant for prediction . numeral appears in different drawings , it refers to the same 

30 or like components or steps . 
SUMMARY FIG . 1A illustrates a selective rationalization system that 

includes a corpus of data comprising a plurality of input 
According to various embodiments , a computing device , features . 

a non - transitory computer readable storage medium , and a FIG . 1B illustrates the selective rationalization system of 
method are provided for training a natural language pro- 35 FIG . 1A , where the generator network has a collaborative 
cessing network . A generator network is operative to receive relationship with a predictor network . 
a corpus of data and select one or more input features from FIG . 2A illustrates an architecture of a two - player system . 
the corpus of data . A first predictor network is operative to FIG . 2B is an architecture of a three - player system , 
receive the one or more selected input features from the consistent with an illustrative embodiment . 
generator network and predict a first output label based on 40 FIG . 3 is a block diagram of a selective rationalization 
the received one or more selected input features . A second system having a three - player model , consistent with an 
predictor network is operative to receive a complement of illustrative embodiment . 
the selected input features from the generator network and FIG . 4A illustrates a three - player model , consistent with 
predict a second output label based on the received comple- an illustrative embodiment . 
ment of the selected input features . FIG . 4B is a block diagram of a three - player model having 

In one embodiment , the generator network is configured an introspective generator , consistent with an illustrative 
to play an adversarial game with the second predictor embodiment . 
network to make the second predictor network as ineffective FIG . 5 illustrates a block diagram of a training framework 
to predict an output similar to that of the first predictor and an inference framework , consistent with an illustrative 
network , as possible . 50 embodiment . 

In one embodiment , the generator network is configured FIG . 6 illustrates how Class - wise Adversarial Rational 
to play a minimax game with the second predictor network ization ( CAR ) works in a bag of word scenario , consistent 
to make the second predictor network as ineffective to with an illustrative embodiment . 
predict an output similar to that of the first predictor net- FIG . 7 presents an example process related of training a 
work , as possible . 55 natural language processing network . 

In one embodiment , the complement of the selected input FIG . 8 provides a functional block diagram illustration of 
features is based on one or more input features not selected a computer hardware platform that can be used to implement 
by the generator network for the first predictor network . a computing device that is particularly configured to train a 

In one embodiment , the computer is configured to com- natural language processing network . 
pare the first output label to the second output label . Upon 60 
determining that the first output label is within a predeter DETAILED DESCRIPTION 
mined threshold from the second output label , the generator 
network is adjusted to change a selection of the one or more Overview 
input features from the corpus of data . Change a selection of In the following detailed description , numerous specific 
the one or more input features from the corpus of data may 65 details are set forth by way of examples to provide a 
comprise including input features from the complement of thorough understanding of the relevant teachings . However , 
the selected input features from the generator network . The it should be apparent that the present teachings may be 

45 
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practiced without such details . In other instances , well- generalizes to evaluation data . Indeed , the generator may fail 
known methods , procedures , components , and / or circuitry to disentangle the information about the correct label , offer 
have been described at a relatively high - level , without detail , ing misleading rationales instead . Moreover , as discussed in 
to avoid unnecessarily obscuring aspects of the present more detail below , the collaborative nature of the interaction 
teachings . 5 between a generator network and a predictor network , 

The present disclosure generally relates to systems and sometimes referred to herein as a “ game , ” may enable the 
computerized methods of selective rationalization . In recent players to select a sub - optimal communication code that 
years selective rationalization is increasingly used to facili does not generalize , but overfits the training data . This 
tate that predictive models reveal how they use any available concept is discussed in more detail in the context of the 
features . The selection may be soft or hard , and identifies a 10 discussion of FIG . 1B below . 
subset of input features relevant for prediction . The setup In one aspect , the teachings herein address these concerns 
can be viewed as a cooperate game between the selector by an introspective rationale generator . The idea includes to 
( sometimes referred to herein as a rationale generator ) and force the generator to explicitly understand what to generate 
a predictor making use of only the selected features . The rationales for . More specifically , the output label of a selec 
co - operative setting may , however , be compromised for two 15 tive rationalization system is predicted with the a more 
main reasons . First , the generator typically has no direct complete selection of the input features of a corpus of input 
access to the outcome it aims to justify , resulting in poor data , thereby ensuring better overall performance . These 
performance . Second , there typically is no control exerted concepts will be better understood in view of the architec 
on the information left outside the selection . tures described below . 

In one aspect , the teachings herein revise the overall 20 Example Architectures 
Reference now is made to FIGS . 1A and 1B , which co - operative framework to address these challenges . To that 

end , an introspective model is introduced that explicitly illustrate a selective rationalization system 100A that 
predicts and includes the outcome into the selection process . includes a corpus of data 102 comprising a plurality of input 
In one embodiment , the rationale complement is controlled features . In one embodiment the corpus of data 102 may be 
via an adversary so as not to leave any useful information 25 in natural language . The system 100A includes two players , 
out of the selection . The teachings herein demonstrate that a generator 104A and a prediction network 108A . The 
the two complementary mechanisms maintain both high generator 104A is operative to receive the corpus of data 102 

and extract therefrom what it deems to be relevant input predictive accuracy and lead to comprehensive rationales . In 
this way , the machine learning model is made more intro features that are salient in determining an output label 110A . 
spective and computationally accurate . 30 Stated differently , the generator 104A is operative to select 

In one aspect , the selection process discussed herein can a subset of input features 106A that is predictive of an output 
label 110A that characterizes ( e.g. , classifies ) the corpus of be described as a cooperative game between a generator and 

a predictor operating on a selected , partial input text . The data 102. In the example of FIG . 1A , the relevant features 
two players aim for the shared goal of achieving high are underlined . The actually selected sub features 106A 
predictive accuracy , operating within the confines imposed 35 used by the predictor 108A to predict an appropriate clas 
by rationale selection ( e.g. , a small , concise portion of input sification 110A , sometimes referred to herein as an output 
text ) . In one embodiment , the rationales are learned in an label . In the example of FIG . 1A the selected subset of input 

features 106A is used by the system 100A to perform unsupervised manner , without guidance other than their size 
and form . sentiment analysis on the corpus of data 102 such that an 
An example of ground - truth and learned rationales are 40 appropriate classification thereof is achieved , represented by 

given in Table 1 below : output label 110A . The output label 110A is a prediction , 
such as a classification . In various embodiments , the clas 
sification may be binary ( positive / negative ; yes / no ; etc. , ) or TABLE 1 any other type of classification into a predetermined set of 

Label : negative 45 classes . In the present example , based on the subset of input 
Original Text : really cloudy , lots of sediment , washed out yellow color . features selected , the conclusion of the predictor 108A is that looks pretty gross , actually , like swamp water . no head , no lacing . 
Rationale from first example model : the corpus of data 102 has a “ negative ” sentiment of the 
[ " really cloudy lots " , " yellow ” , “ no ” , “ no ” ] wine captured in the corpus of data 102 . 
Rationale from cooperative introspection model : [ “ . looks ” , “ no ” , “ no ” ] It should be noted that the natural language processing of 
Rationale from Introspective model : 50 FIG . 1A is provided by way of example only and not by way [ " cloudy ” , “ lots ” , “ pretty gross ” , “ no lacing ” ] of limitation . Indeed , different types of corpus of data 102 , 

such as key performance indicators ( KPIs ) of a networked 
By way of example only and not by way of limitation , system , medical information , as well as other systems , are 

Table 1 above provides the rationales extracted by different contemplated by the teachings herein as well . 
models on the sentiment analysis of beer reviews . A moti- 55 The selective rationalization system 100A of FIG . 1A is 
vation for the teachings herein arises from the potential operative to select a subset of input features 106A that is 
failures of cooperative selection . Since a generator typically most predictive of the output label 110A . The problem is that 
has no direct access to the outcome it aims to justify , the such selective rationalization systems 100A may suffer from 
learning process may converge to a poorly performing degeneration , where the appropriate subset of input features 
solution . Moreover , since only the selected portion is evalu- 60 is not selected , which may not be readily evident if a correct 
ated for its information value ( via a predictor ) , there is result is achieved , because neural networks are often treated 
typically no explicit control over the remaining portion of as a “ Black - box . ” Accordingly , degeneration involves the 
the text left outside the rationale . These two challenges are generator 104A collaborating with the prediction network 
complementary and should be addressed jointly . 108A to guess an output label 110A and develop its own 

The clues in text classification tasks are typically short 65 code to communicate with the predictor network ( e.g. , 
phrases . However , diverse textual inputs offer a plethora of comma , period , etc. ) . In this regard FIG . 1B illustrates a 
such clues that may be difficult to disentangle in a way that scenario where the generator 104B incorrectly selects a 
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comma as a subset of input features 106B , which is used by The equilibrium of the three - player architecture 200B 
the predictor 108B to identify a classification 110B . provides improved properties for the extracted rationales . 
Although a correct classification is achieved of the Moreover , the three - player framework facilitates coopera 
data 102 , the quality of the analysis is not optimal because tive games such to improve both predictive accuracy and 
it is not based on a valid subset of input features 106B . 5 rationale quality . In one aspect , by combining the two Accordingly , the cooperative game system 100B of FIG . approaches of an introspective generator and a three - player 
1B has two players : ( i ) a generator 104B and ( ii ) a predictor architecture , high predictive accuracy is achieved by the 
108B . It does not explicitly control the information left out computing device , as well as non - degenerate rationales . of the rationale 106B . As a result , it is possible for the 
rationales to degenerate as including only select words 10 selective rationalization system 300 having a three - player Reference now is made to FIG . 3 , which illustrates a 
without the appropriate context . With access to the predicted 
label as input , the generator 104B and the predictor 104B model , consistent with an exemplary embodiment . System 

300 can be used as an example to better explain how the can find a communication scheme by encoding the predicted 
label with special word patterns ( e.g. , highlight “ . ” for three - player model operates in improving the quality of the 
positive examples and “ , » negative ones ) . Stated differently , 15 selection of the generator network 304. The generator net 
the generator 104B is in collaboration with the predictor work 304 receives the corpus of data 302 and predicts the 
108B to provide a predicted output label 110B . Table 1 output label 310. By way of efficiency , it selects input 
shows such cases for the two cooperative methods , where features 306 ( e.g. , commas in the present example , which 
degeneration has occurred . may be found in most communications ) . For example , these 

In this regard , reference is made to FIGS . 2A and 2B , 20 commas communicate to the predictor network 308 what the 
which illustrates an enhanced architecture 200B that output label 310 should be . In another scenario , the genera 
includes an additional player with respect to the selective tor 304 may select one or more periods as input features to 
rationalization system 200A of FIG . 2A . Accordingly , while communicate to the predictor network 308 that the output 
the selective rationalization system 200A includes a genera- label 310 should be “ positive ” instead . Thus , instead of 
tor network 204A and a collaborative predictor network 25 selecting meaningful input features , the generator network 
208B , the architecture 200B , in addition to a first predictor 304 simply colludes or collaborates with the predictor 
network 208B there is a second predictor network 218 , network 306 to advance a predicted output label 310 . 
referred to herein as a complementary predictor network The complementary predictor network 320 uses unse 
218. In contrast to FIG . 2A , which is a two - player system , lected input features 318 from the corpus of data 302 and 
architecture 200B is a three - player system . The first predic- 30 comes to the same “ correct ” prediction , represented by 
tor network 208B receives subset of input features r selected output label 322. Thus , the unselected words 318 are suffi 
by the generator network 204A and predicts an output label cient for the complementary predictor 320 to achieve the 
y based on r . In contrast , the complementary predictor same result as the first output label 310. The fact that the first 
network 218 selects a subset of input features x that are output label and the second output label are substantially 
different from those of r . Stated mathematically , the input to 35 similar indicates that additional input features from the 
the complementary predictor network 218 is provided by the corpus of data 302 should be selected by the generator 
following expression : network 304 for the first predictor network 308. Ideally , the 

output label of the complementary predictor network 322 perx with r removed ( Eq . 1 ) should be as opposite to the output label of the first predictor 
By virtue of using the three - player game depicted in FIG . 40 network 310 as possible . Thus , the “ worse ” the prediction of 

2B for rationalization , explicit control is rendered over also the complementary predictor network 320 , the more accu 
the unselected input features rº . The added third adversarial rate the generator network 304. In some scenarios , the 
player , namely the complementary predictor network 218 , output of the complementary predictor network 318 may be 
sometimes referred to herein as the discriminator , is able to ambiguous or inconclusive , thereby indicating that it has not 
guide the cooperative communication between the generator 45 extracted any meaningful input features from the corpus of 
network 204A and the first predictor network 208B . The data 302. That is because all the meaningful features have 
goal of the discriminator 218 is to attempt to predict the been selected by the generator network 304 . 
correct label using only words left out of the rationale . In one embodiment , the iterative process ends when all 
During training , the generator aims to fool the discriminator meaningful information is selected by the generator and the 
while still maintaining high accuracy for the predictor . This 50 complementary predictor provides a result having a confi 
ensures that the selected rationale includes substantially dence level that is below a predetermined threshold ( e.g. , F 
all / most of the input features salient to the target label y , rating on a scale of A to F ) . In this way , the accuracy of the 
leaving out irrelevant input features . In one embodiment , the generator is improved and collaboration with the first pre 
number of input features identified by the generator network dictor network 308 suppressed . 
is limited to accommodate the computational capability of a 55 Mathematical Explanations 
computing device performing the calculations . For example , With the foregoing explanation of the three - player archi 
to improve computational speed , the number of input fea- tecture , it may be helpful to further expound on the issue of 
tures selected may be confined to a predetermined number , rationalization . The following notations are used to facilitate 
based on the computational capability of the computing the present discussion . Bolded upper - cased letters , e.g. , X , 
device performing the calculations . In some embodiments , 60 denote random vectors ; non - bolded upper - cased letters , e.g. , 
one or more computing platforms performing the three- X , denote random scalar variables ; bolded lowercased let 
player selective rationalization system discussed herein may ters , e.g. , X , denote deterministic vectors or vector functions ; 
be implemented by virtual computing devices in the form of non - bolded lower - cased letters , e.g. , X , denote deterministic 
virtual machines or software containers that are hosted in the scalars or scalar functions . The expression P : ( : \ Y ) denotes 
cloud , thereby providing an elastic architecture for process- 65 conditional probability density / mass function conditional on 
ing and storage . In this way , the number of input features Y. The expression H ( ) denotes Shannon entropy . The 
identified by the generator is expanded or even removed . expression E [ : ] denotes expectation . 
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By way of example only , and not by way of limitation , the generator network R is sufficient to predict Y , and thus 
target application here is text classification on data tokens in satisfies the sufficiency condition . Apparently , this R is 
the form of { ( X , Y ) } . The expression X = X1 : 1 is denoted as compact ( only one word ) . However , this rationale does not 
a sequence of words in an input text with length L. The provide a valid explanation as to the reasoning why the 
expression Y is denoted as a label . The goal is to generate a output label Y is selected . 
rationale , denoted as r ( X ) = r1 : ( X ) , which is a selection of Theoretically , any previous cooperative framework may 
words in X that accounts for Y. Formally , r ( X ) is a hard suffer from the above problem , if the generator has the masked version of X that takes the following form at each potential to accurately guess Y with sufficient accuracy . This position i : problem occurs because there is no control of the input 

r : ( X ) = z : ( X ) .X ; ( Eq . 2 ) features unselected by R. In the presence of degeneration , 
Where , z ; € { 0 , 1 } N is a binary mask . some key predictors in X will be left unselected by R. Thus , 
We further define the complement of rationale , denoted as by looking at the predicting power of Rº , architecture 200B 

r ' ( X ) , as follows : can determine if degeneration occurs . Specifically , when 
degeneration is present , a substantial portion of the input 

ri ' ( X ) = ( 1 - z ; ( X ) ) . X ; ( Eq . 3 ) features are left unselected by R. Accordingly , H ( Y?RC ) is 
For notational ease , we define : low . That is why the lower bound in equation 6 rules out the 

degeneration cases . 
R = r ( X ) , Rº = r ' ( X ) , Z = z ( X ) . ( Eq . 4 ) The selective rationalization system 300 includes three 

An ideal rationale should satisfy various conditions . The 20 players : ( i ) a rationale generator , sometimes referred to 
subset of input features selected by the generator network herein as generator network 304 , which generates the ratio 
204A R is sufficient to predict Y , as provided by the nale R ( represented by block 306 ) and its complement Rº 
expression below : ( represented by block 318 ) from a corpus of data ( e.g. , text ) 

Py ( + 1R ) = Py ( • IX ) . 302 ; ( ii ) a predictor network that predicts the probability of ( Eq . 5 ) 25 Y based on R , a complementary predictor 320 that predicts 
The term Rº representing the unselected features of the the probability of Y based on Rº . 

generator network 204A , does not include sufficient infor FIG . 4A illustrates a three - player model 400A , consistent mation to predict Y , as provided by the expression below : with an illustrative embodiment . The three - player model 
H ( Y?R ) H ( YIR ) + h , 400A introduces an additional complementary predictor 420 ( Eq . 6 ) 

30 that uses reinforcement learning between the generator 
Where h is a constant . network 402 and the complementary predictor network 420 , The segments in X that are included in R should be sparse in addition to the cooperative game between the generator and consecutive , as provided by the expression below : network 402 and the predictor network 404. For example , 

reinforcement learning discussed herein may use machine 
35 learning to determine which input features of the input 

; , ; sc , Z , ss , ?? , - Zails c , : ( Eq . 7 ) corpus of data X to select to provide to the predictor 
network , and which complementary input features to select 
to provide to the complementary predictor network 420 , 

Where s and c are constants . such that the prediction of the complementary predictor is as 
In one embodiment , the sufficiency condition of equation 40 bad ( e.g. , inaccurate ) as possible , thereby improving the 

5 above is the core one of a legitimate rationale , which quality of the selection of the generator network 402. In one 
essentially stipulates that the rationale includes all the rel- embodiment , a minimax algorithm is used between the 
evant information in X to predict Y. The compactness generator network 402 and the complementary predictor 
condition of equation 7 above stipulates that the rationale network 420. The iterative process continues until the pre 
should be continuous and should not include more words 45 diction of the complementary predictor , is as inaccurate as 
than necessary . For example , without the compactness con- possible or the number of input features selected by the 
dition , a trivial solution to equation 5 above would be X generator network reaches a predetermined threshold . 
itself . The first inequality in equation 7 includes the sparsity For example , the predictor network 404 estimates a prob 
of rationale , and the second one includes the continuity . The ability of Y conditioned on R , denoted as ( Y?R ) . The 
comprehensiveness condition of equation 6 is discussed in 50 complementary predictor estimates probability of Y condi 
more detail later . tioned on R ' , denoted as pº ( Y?R ) . In one embodiment both 

There are two justifications of the comprehensiveness predictors are trained using the cross - entropy loss , provided 
condition . First , it regulates the information outside the by the expressions below : 
rationale , so that the rationale includes all the relevant and 
useful information , hence the name comprehensiveness . 55 
Second , the failure case of degeneration can only be pre Lp = min - H ( p ( Y | R ) ; Þ ( YR ) ) ( Eq . 8 ) 
vented by the comprehensiveness condition . As mentioned 
previously , degeneration refers to the situation where , rather Lc = min - H ( p ( YR ) ; P ( Y | R " ) ) pº ( : , - ) than finding words ( i.e. , input features ) in the input corpus 
of data X that explains the output label Y , the generator 204A 60 
R attempts to encode the probability of Y using trivial Where , 
information , e.g. punctuation and position . Consider the H ( p ; q ) denotes the cross entropy between p and 
following toy example of binary classification ( Ye { 0 , 1 } ) , p ( .1 . ) denotes the empirical distribution . 
where X can always perfectly predict the output label Y. The It is worth emphasizing that Lp and Le are both functions 
following rationale satisfies the sufficiency and compact- 65 of the generator network . 
ness : R includes the first word of X when Y = 1 , and the last The generator network 402 extracts R and Rº by gener 
word when Y = 1 . This subset of input features selected by the ating the rationale mask , z ) , as shown above in equations 

= 

p ( ) 

and q ; 
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2-3 . More specifically , z ( . ) is determined by minimizing the In one embodiment , the classifier 454 can use the same 
weighted combination of four losses : architecture as that of the predictor network 404 and the 

complementary predictor network 420 . 
In one aspect , working in a cooperative game , the intro 

minLp + 1gLg + 15 Ls + 1c Lc , ( Eq . 9 ) 5 spection generator 460 may make the degeneration problem 
more severe : when the classifier P ( : X ) becomes sufficiently 
accurate during training , the generator network 452 only 

Where L , encourages the gap between Lp and Le to be needs to encode the information of ý into R. Therefore , the 
large , as provided by the expression below . three - player game architecture of FIG . 4B , while helping 

10 any existing generator - predictor framework on its own , is 
Lg = max { Lp - Lc + h , 0 } . ( Eq . 10 ) particularly useful for the introspective model of FIG . 4B . 

Equation 10 above stipulates the comprehensiveness In one embodiment , for both the generators and the two 
property of the rationale ( Eq . 6 ) . If the complement rationale predictors in FIGS . 4A and 4B , bidirectional Long short 
is less informative of Y than the rationale , then Le should be term memory ( LSTM ) are used with hidden dimension 400 . 
larger than Lp 15 For example , in the introspection generator 460 , the classi 

The terms Lg and Le impose the sparsity and continuity fier 454 comprises the same bidirectional LSTM , and z ( X , ? ) 
respectively , which correspond to equation 7 : is implemented as an LSTM sequential labeler with the label 

? transformed to an embedding vector that serves as the 
initial hidden states of the LSTM . For the relation classifi 

L's Zi 2 : -s , o } , £ . = 12 ; -2 ;-) || -c . Le ( Eq . 11 ) 20 cation task , since the model is aware of the two target 
entities , the relative position features are added . The relative 
position features are mapped to learnable embedding vectors 
and concatenated with word embeddings as the inputs to the Equation 8 above indicates that the generator network 402 LSTM encoder of each player . All hyperparameters are plays a cooperative game with the predictor network 404 , 

because both try to maximize the predictive performance of 25 tuned on the development sets according to predictive 
R. On the other hand , the generator network 402 plays an accuracy . Stated differently , all the models are tuned without 
adversarial seeing any rationale annotations . game with the complementary predictor network Class - Wise Adversarial Classification 420 , because the latter tries to maximize the predictive Selection of input features such as relevant pieces of text performance of Rc , but the former tries to reduce it . 

In one embodiment , during training of the generator 30 can be used to highlight how complex neural predictors 
operate . The selection can be optimized post - hoc for trained network 402 , the three players perform gradient descent models or included directly into the method itself . However , steps with respect to their own losses . For the generator an overall selection of input features may network 402 , since z ( X ) is a set of binary variables , the properly 
capture the multi - faceted nature of useful rationales such as regular gradient descent algorithm is not applied . Instead a policy gradient is used to optimize the models . We maximize 35 pros and cons for decisions . To this end , in one embodiment , 

the reward that is defined as the negative loss in equation 9 . the teachings herein provide a game theoretic approach to 
In order to have bounded rewards for training stability , the class - dependent rationalization , where the computing device 
negative losses Lp and Lc are replaced with accuracy . performing the algorithm is specifically trained to highlight 

evidence supporting alternative conclusions . Reference now is made to FIG . 4B , which is a block 40 Each class involves three players set up competitively to diagram of a three - player model 400B having an introspec find evidence for factual and counter - factual scenarios . What tive generator , consistent with an illustrative embodiment . is discussed below is how the game drives a solution towards The introspective generator 460 includes a generator net meaningful class - dependent rationales . The method is evalu work 452 that explicitly predicts a label 460 before making 
rationale selections ( e.g. , R and Rº ) . The improved generator 45 The architecture discussed in the context of the present ated in single and multi - aspect sentiment classification tasks . 
460 still fits into the basic three - player framework discussed embodiment is able to identify both factual ( justifying the in the context of FIG . 4A . The main difference being how the ground truth label ) and counterfactual ( countering the generator generates the mask z ( X ) , which now breaks down ground truth label ) rationales . In this way , meaningful into two steps . First , the generator network 452 uses a insight as to the rationales behind the output label is pro regular classifier 454 that takes the input X and predicts the 50 vided . label , denoted ? ( X ) . In one embodiment , classification tasks , 
the maximum likelihood estimate is used , as provided by Interpretability is rapidly rising alongside performance as 

a key operational characteristic across natural language equation 12 below : processing ( NLP ) and other applications . One way of high 
lighting how a complex system operates is by selecting input 

( X ) = argmax P ( Y = y | X ) ( Eq . 12 ) 55 features relevant for the prediction . If the selected subset is 
short and concise ( for text ) , it can potentially be understood 
and verified against domain knowledge . The selection of 
features can be optimized to explain already trained models , Where p ( Y = y | X ) is the predicted probability by maxi included directly into the method itself as in self - explaining mizing the cross entropy , which is pre - trained . 60 models , or optimized to mimic available human rationales . Second , a label - aware rationale generator generates the In one aspect , what is discussed herein is how rationales binary mask of the rationales , as provided by equation 13 are defined and estimated . The common paradigm to date is below : to make an overall selection of a feature subset that maxi 
mally explains the target output / decision . For example , 

2 ( X ) = z ( x , y ( X ) ) ( Eq . 13 ) 65 maximum mutual information criterion chooses an overall 
Note that ? is a function of X , so the introspective subset of features such that the mutual information between 

generator 460 is essentially a function of X. the feature subset and the target output decision is maxi 
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mized , or , equivalently , the entropy of the target output The two counterfactual rationale generators generate 
decision conditional on this subset is minimized . Rationales rationales for the label other than the ground truth . Further , 
can be multi - faceted , however , involving support for differ- two discriminators d , ( Z ) , e { 0,1 } are introduced , which aim 
ent outcomes , just with different degrees . For example , the to discriminate between factual and counterfactual ratio 
overall sentiment associated with a product could be under- 5 nales , i.e. , between g ; ( X ) and gg ' ( X ) . Accordingly , we have 
stood in terms of weighing associated pros and cons six players , divided into two groups . The first group pertains 
included in the review . Existing rationalization techniques to t = 0 and involves g . ( X ) , go? ( X ) , and d . ( Z ) as players . 
strive for a single overall selection , therefore lumping Both groups play a similar adversarial game , so we focus the together the facets supporting different outcomes . discussion on the first group and will not repeat for the The class - wise rationales approach discussed herein , second group , for brevity . which is based on multiple sets of rationales that respec FIG . 5 illustrates a block diagram of a training framework tively explain support for different output classes ( or deci 
sions ) . Unlike conventional rationalization schemes , class 500 and an inference framework 540 and 560 during infer 
wise rationalization takes a candidate outcome as input , ence , consistent with an illustrative embodiment . The train 
which can be different from the ground - truth class labels , 15 ing framework 500 includes a corpus of data 502 from which 
and uncovers rationales specifically for the given class . To a factual generator 504 selects a subset of input features in 
find such rationales , what is provided herein is a game support of its rationale of an output ( e.g. , sentiment ) . The 
theoretic algorithm , called Class - wise Adversarial Rational- subset of input features selected by the generator network 
ization ( CAR ) . CAR comprises three types of players : ( i ) a 506 are provided to a discriminator network 410. Similarly , 
factual rationale generator , which generates rationales that 20 the counterfactual generator 524 selects a subset of input 
are consistent with the actual label , ( ii ) a counterfactual features 522 in support of its rationale of a complementary 
rationale generator , which generates rationales that counter output , represented by block 526. Both sets of rationales are 
the actual label , and ( iii ) a discriminator , which discrimi- presented to a discriminator network 510 , rative to 
nates between factual and counterfactual rationales . Both discern which position prevails . In some embodiments , the 
factual and counterfactual rationale generators try to com- 25 discriminator is operative to provide a mixed result . For 
petitively " convince ” the discriminator network that they are example , instead of merely providing a binary output ( e.g. , 
factual , resulting in an adversarial game between the coun positive or negative ) , the discriminator network 510 may terfactual generators and the other two types of players . The provide a more nuanced rating , such as alpha - numeric ( e.g. , discussion below explains how the Car game drives towards 
meaningful class - wise rationalization , under an information- 30 high ) , based on color ( e.g. , red , green , and yellow ) , or any 0 to 10 , A to F ) , descriptive ( e.g. , none , low , medium , and 
theoretic metric , which is a class - wise generalization of the other suitable rating scale . For example , the rating of a hotel maximum mutual information criterion . Moreover , Appli may be evaluated as 3/5 stars based on the factual rationale cants have identified under empirical evaluation on both 506 in view of the counterfactual rationale 526 . single and multi - aspect sentiment classification that CAR can In the adversarial game of the training framework 500 , the 
successfully find class - wise rationales that align well with 35 discriminator network do ( - ) represented by block 510 , takes human understanding . a rationale Z generated by either go ( s ) or go® ( s ) as input , and With the foregoing overview of CAR , it may be helpful to outputs the probability that Z is generated by the factual discuss the notations used below . Upper - cased letters , e.g. X generator go ( ) . In one embodiment , the training target for 
or X , denote random variables or random vectors respec d . ( ) is based on a generative adversarial network ( GAN ) , tively ; lower - cased letters , e.g. x or x , denote deterministic 40 provided by the expression below : scalars or vectors respectively ; script letters , e.g. X , denote 
sets . Px?y ( xly ) denotes the probability of X = x conditional on 
Y = y . E [ X ] denotes expectation . do ( - ) = argmin – Pr ( O ) E [ log dígó ( ) | Y = 0 ] - ( Eq . 16 ) 

In one embodiment , the class - wise rationalization prob 
lem can be formulated as follows . For any input X , which is 45 Py ( 1 ) E [ log ( 1 – d ( g ( x ) ) ) | Y = 1 ] a random vector representing a string of text , the goal is to 
derive a class - wise rationale Z ( t ) for any tey such that Z ( t ) 
provides evidence supporting class t . Each rationale can be The factual generator go ) of block 504 is trained to 
understood as a masked version X , i.e. X with a subset of its generate rationales from text labeled Y = 0 . In contrast , the 
words masked away by a special value ( e.g. , 0 ) . In one 50 counterfactual generator g . ( ) of block 524 , learns from text 
embodiment , class - wise rationales are defined for every labeled Y = 1 . Both generators 504 and 524 try to convince 
class tey . For t = y ( the correct class ) the corresponding the discriminator network 510 that they are factual genera 
rationale is called factual ; as to tty , they are referred to tors for Y = 0 , as provided by the expression below : 
herein as counterfactual rationales . For simplicity and to 
facilitate the present explanation , the discussion herein will 55 
focus on two - class classification problems ( y = { 0 , 1 } ) . ( ) = argmaxE [ ho ( do ( g ( x ) ) ) | Y = 0 ] , ( Eq . 17 ) 
CAR can uncover class - wise rationales using adversarial 

learning , inspired by outlining pros and cons for decisions . and go ( 0 ) = argmaxE [ h? ( do ( g ( x ) ) ) | Y = 1 ] , In one embodiment , there are two factual rationale genera 
tors , provided by the expression below : s.t. E [ wo ( 86 ( x ) ) Y = 0 ) s 0 , E [ w1 ( 86 ( X ) | Y = 1 ] = 0 , 

8 / ( X ) , 1 € { 0,1 } ( Eq . 14 ) 

The two functional generators generate rationales that Where , 
justify class t when the actual label agrees with t , and two 0.0 ) and 0,0 ) represent multiple regularization con 
counterfactual rationale generators , provided by the expres- 65 straints such as sparsity and continuity , and 
sion below : h ) and h , are both monotonically - increasing func 

8 ( X ) , 1 € { 0,1 } ( Eq . 15 ) tions that satisfy the following properties : 
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Note that these two curves should satisfy the following 

( Eq . 18 ) constraints : X xhol 1 - 2 is convex in x , x + 

a Pzoufly ( 10 ) < Px ; ly " ( 110 ) and xh ( 42 ) is concave in x , V x , a € [ 0 , 1 ] || x + a 5 
and 

? ( 111 ) Pzo , IY 1 ) Spx ; lY 

, 

One valid choice is h . ( x ) = log ( x ) and h , ( x ) = - log ( 1 - x ) , 
which reduces the problem to a GAN - style problem . ( Eq . 21 ) 

FIG . 5 summarizes the training procedure of these three This is because a word can be chosen as a rationale only 
players . As illustrated in the training framework 500 , the 10 if it appears in a text , and this strict relation translates into 
counter factual generator 524 ( g ° C ) plays a game with both an inequality constraint in terms of the induced distributions . do ) and gif ( - ) , because it tries to trick the discriminator As shown in plot 600 of FIG . 6 , the Pza1y ( 110 ) and Pzoly network 510 ( d . ( . ) ) into misclassifying its output as factual , ( 111 ) curves are below the Px ; 1x ( 110 ) and Px??y ( 110 ) curves whereas gos ) helps do ( - ) make the correct decision , as respectively . For the remainder of this section , we will refer illustrated by inference framework 540. The other group of 
players , gif0,8 ° ( ) and d ( - ) , play a similar game . The main 15 to Px??r ( 110 ) as the factual upper - bound , and Px 1x ( 111 ) as the 
difference is that now the factual generator operates on text counterfactual upper - bound . What is demonstrated herein is 
with label Y = 1 , and the counterfactual generator on text with that the optimal strategy for both rationale generators in this 

adversarial game is to choose the class - 0 words . label Y = 0 . We will first find out what is the optimal strategy for the Example Scenario 20 counterfactual generator , or , equivalently , the optimal Pzuly Consider a simple bag - of - word scenario , where the input 
text is regarded as a collection of words drawn from a ( 111 ) curve , given an arbitrary Pzofix ( 111 ) curve . The goal of 
vocabulary of size N. In this scenario , X can be formulated the counterfactual generator is to fool the discriminator . 
as an N - dimensional binary vector . X ; = 1 , if the i - th word is Therefore , its optimal strategy is to match the counterfactual 

rationale distribution with the factual rationale distribution . present , and X , = 0 otherwise . The expression Px?r ( xly ) rep- 25 As shown in plot 620 of FIG . 2 , the Pzo ; { 111 ) curve tries to resents the probability distribution of X in natural text 
conditional on different classes Y = y . overlay with the Profi ( 111 ) curve , within the limits of the 

The rationales Z. and Zoº are also multivariate binary counterfactual upper bound constraint . 
vectors . Z. , 1 = 1 if the i - th word is selected as part of the The goal of the factual generator is to help the discrimi 
factual rationale , and Z. , f = 0 otherwise . The expression nator . Therefore , its optimal strategy , given the optimized 

30 counterfactual generator , is to “ steer ” the factual rationale Pz 12 [ z10 ) denotes the induced distribution of the factual distribution away from the counterfactual rationale distribu rationales , which is well - defined in the factual case ( Y = 0 ) . 
This distribution is determined by how gof ) generates the tion . Recall that the counterfactual rationale distribution 

tries to match the factual rationale distribution , unless its rationales across examples . In the optimization problem , we 
will primarily make use of the induced distribution , and upper - bound is binding . The factual generator will therefore 
similarly for the counterfactual rationales . 35 choose the words whose factual upper - bound is higher than 
To simplify the present discussion , it is assumed that the the counterfactual upper - bound . These words are , by defi 

nition , most indicative of class 0. The counterfactual gen dimensions of X are independent conditional on Y. Further erator will also favor the same set of words , due to its more , we assume that the rationale selection scheme selects incentive to match the distributions . each word independently , so the induced distributions over 40 Plot 640 of FIG . 2 illustrates the optimal strategy for the Z f and Zo are also independent across dimensions , condi 
tional on Y. factual rationale under sparsity constraint : 

? 

N N ŠE126 ) = 324 45 © z61y ( 1 | 1 ) sa . i = i = 1 N N 

i = 1 = 1 

N 

, i = 1 

( Eq . 22 ) V x , z € { 0 , 1 } N , V y = { 0 , 1 } , ( Eq . 19 ) ?? [ = ? 
( Eq . 20 ) 

PX \ 7 ( x | y ) = | | px | p ( xi | y ) , p . 19-1px19 26 ] { 2 » ) = [ ] ° 76,4 ] } ( 3 | » ) . The left - hand side in equation 22 represents the expected 
factual rationale length ( in number of words ) . It also repre 

Pz £ ] y ( z | y ) = \ pzgjy ( | » ) 50 sents the area under the Pzofix ( 111 ) curve . 
In one embodiment , parameter sharing is imposed among 

the players . Such sharing is motivated by the fact that both 
Reference now is made to FIG . 6 , which illustrates how the factual and counterfactual generators adopt the same 

CAR works in a bag of word scenario , consistent with an rationalization strategy upon reaching the equilibrium . 
illustrative embodiment . Plot 600 of FIG . 2 illustrates Px ; ?Y 55 Therefore , instead of having two separate networks for the 
( 110 ) and Px?y ( 111 ) as functions of i ( the horizontal axis two generators , one unified generator network is introduced 
corresponds to sorted word identities ) . These two curves for each class , a class - 0 generator and a class - 1 generator , 
represent the occurrence of each word in the two classes . In with the ground truth label Y as an additional input to 
FIG . 6 , the words to the left satisfy Px ; ?y ( 110 ) > Px?x { 111 ) , i.e. identify between factual and counterfactual modes . Param 
they occur more often in class 0 than in class 1. These words 60 eter sharing may also be imposed between the two discrimi 
are most indicative of class 0 , which we will call class - 0 nators by introducing a unified discriminator , with an addi 
words . Similarly , the words to the right are called class - 1 tional input t that helps to identify between the class - 0 and 
words . ) class - 1 cases . Both the generators and the discriminators 

Plot 600 of FIG . 6 also illustrates an example of PzY include a word embedding layer , a bi - direction LSTM layer 
( 110 ) and Pzo , fly ( 111 ) which represents the occurrence of each 65 followed by a linear projection layer . 
word in the factual and counterfactual rationales respec- The generators generate the rationales by the independent 
tively . selection process . At each word position k , the convolutional 
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layer outputs a quantized binary mask Sk , which equals to more selected input features . In some scenarios , the first 
1 if the k - th word is selected and 0 otherwise . The binary predictor network may collaborate with the generator net 
masks are multiplied with the corresponding words to pro- work to classify ( e.g. , predict ) the corpus of data based on 
duce the rationales . For the discriminators , the outputs of all the set of selected input features . 
the times are max - pooled to produce the factual / counterfac- 5 At block 706 , a second predictor network receives a 
tual decision . complement of the selected input features from the generator 

The training objectives are essentially equations 16 and network and predicts a second output label based on the 
17 above . The main difference is that the constrained opti- received complement of the selected input features . 
mization in equation 17 is transformed into a multiplier At block 708 , the generator network plays a minimax 
form . Specifically , the multiplier terms ( or the regularization 10 game with the second predictor network to make the second 
terms ) are as follows : predictor network as ineffective to predict an output similar 

to that of the first predictor network , as possible . 
At block 710 , the generator network plays an adversarial 

( Eq . 23 ) game with the complementary predictor network to make 
?? E [ I | ] - ? + ?????S 15 the second predictor network as ineffective to predict an 

output similar to that of the first predictor network , as 
possible . 

Where K denotes the number of words in the input text . At block 712 , the first output label is compared to the 
The first term constrains on the sparsity of the rationale . second output label . 

It encourages that the percentage of the words being selected 20 At block 714 , upon determining that the first output label 
as rationales is close to a preset level a . The second term is within a predetermined threshold from the second output 
constrains on the continuity of the rationale . 21 , 22 , and a are label ( i.e. , “ YES ” at decision block 714 ) , the process con 
hyperparameters . The ho ( - ) and hi ( ) functions in equation tinues with block 718 , where the generator network is 
17 are both set to linear function , which empirically shows adjusted such that one or more input features of the comple 
good convergence performance , and which can be shown to 25 ment of the selected input features are also selected by the 
satisfy equation 18 . generator network . The iterative process then continues with 

In one embodiment , to resolve the non - differentiable block 704 . 
quantization operation that produces Sq , a straight - through However , upon determining that the first output is not 
gradient computation technique is applied . The training within a threshold of the second output ( i.e. , “ NO ” at 
scheme involves the following alternate stochastic gradient 30 decision block 714 ) , the process continues with block 716 , 
descent . First , the class - 0 generator and the discriminator are where a determination is made whether the first output label 
updated jointly by passing one batch of data into the class - 0 is above a second threshold with respect to the second output 
generator , and the resulting rationales , which contain both label . If not ( i.e. , " NO " decision block 716 ) , the process 
factual and counterfactual rationales depending on the actual continues with block 718 , as discussed above . However , 
class , are fed into the discriminator with t = 0 . Then , the 35 upon determining that the first output is above the second 
class - 1 generator and the discriminator are updated jointly in threshold with respect to the second output label ( i.e. , “ YES ” 
a similar fashion with t = 1 . at decision block 716 ) , the process ends , thereby indicating 

that all useful features from the corpus of input data have 
EXAMPLE PROCESSES been harvested by the generator network to improve the 

40 quality of the determination of the output label by the first 
With the foregoing overview of the example systems 300 predictor network , while reducing the accuracy of the sec 

to 500 , it may be helpful now to consider a high - level ond predictor network . 
discussion of an example process . To that end , FIG . 7 Example Computer Platform 
presents an illustrative process related to performing training As discussed above , functions relating to training a natu 
a natural language processing network . Process 700 is 45 ral language processing network and determining a rational 
illustrated as a collection of blocks , each in a logical in a natural language processing system using CAR , can be 
flowchart , which represent sequence of operations that can performed with the use of one or more computing devices 
be implemented in hardware , software , or a combination connected for data communication via wireless or wired 
thereof . In the context of software , the blocks represent communication , in accordance with the architectures of 
computer - executable instructions that , when executed by 50 FIGS . 3 to 5. FIG . 8 provides a functional block diagram 
one or more processors , perform the recited operations . illustration of a computer hardware platform 800 that can be 
Generally , computer - executable instructions may include used to implement a computing device that is particularly 
routines , programs , objects , components , data structures , configured to train a natural language processing network . In 
and the like that perform functions or implement abstract particular , FIG . 8 illustrates a network or host computer 
data types . In each process , the order in which the operations 55 platform 800 , as may be used to implement an appropriately 
are described is not intended to be construed as a limitation , configured computing device to host a three - player engine as 
and any number of the described blocks can be combined in discussed herein . 
any order and / or performed in parallel to implement the The computer platform 800 may include a central pro 
process . For discussion purposes , the process 700 is cessing unit ( CPU ) 804 , a hard disk drive ( HDD ) 806 , 
described with reference to the architecture of FIG . 3 . 60 random access memory ( RAM ) and / or read only memory 

At block 702 , a generator network receives a corpus of ( ROM ) 808 , a keyboard 810 , a mouse 812 , a display 814 , 
data and selects one or more input features from the corpus and a communication interface 816 , which are connected to 
of data to represent a sentiment thereof . In one embodiment , a system bus 802 . 
the corpus of data is in natural language . In one embodiment , the HDD 806 , has capabilities that 

At block 704 , a first predictor network receives the one or 65 include storing a program that can execute various pro 
more selected input features from the generator network and cesses , such as the three - player engine 840 , in a manner 
predicts a first output label based on the received one or described herein . The three - player engine 840 may have 
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various modules configured to perform different functions . fications that are set forth in this specification , including in 
For example , there may be an interaction module 842 that is the claims that follow , are approximate , not exact . They are 
operative to receive data from various sources over a net- intended to have a reasonable range that is consistent with 
work , wherein the data can be used by the three - player the functions to which they relate and with what is custom 
engine to perform sentiment analysis thereon . 5 ary in the art to which they pertain . 

There may be a generator network 842 operative to Numerous other embodiments are also contemplated . 
receive the corpus of data from the interaction module 802 These include embodiments that have fewer , additional , 
and select one or more input features from the corpus of and / or different components , steps , features , objects , ben 
data . There may be a first predictor network module 848 efits and advantages . These also include embodiments in 
operative to receive the one or more selected input features 10 which the components and / or steps are arranged and / or 
from the generator network module 844 and predict a first ordered differently . 
output label based on the received one or more selected input Aspects of the present disclosure are described herein 
features . with reference to a flowchart illustration and / or block dia 

There may be a second predictor module 850 , sometimes gram of a method , apparatus ( systems ) , and computer pro 
referred to herein as a complement predictor module , that is 15 gram products according to embodiments of the present 
operative to receive a complement of the selected input disclosure . It will be understood that each block of the 
features from the generator network module 844 and predict flowchart illustrations and / or block diagrams , and combina 
a second output label based on the received complement of tions of blocks in the flowchart illustrations and / or block 
the selected input features . There may be a decision module diagrams , can be implemented by computer readable pro 
852 operative to determine whether the first output label is 20 gram instructions . 
within a predetermined threshold from the second output These computer readable program instructions may be 
label . In one embodiment , the decision module 852 deter- provided to a processor of an appropriately configured 
mines whether the first output label is above a predetermined computer , special purpose computer , or other programmable 
second threshold from the second output label . data processing apparatus to produce a machine , such that 

There may be an optimization module 856 that is opera- 25 the instructions , which execute via the processor of the 
tive to finetune the generator network 844 such that it is able computer or other programmable data processing apparatus , 
to select all relevant input features from the corpus of data , create means for implementing the functions / acts specified 
based on the feedback provided from the complement pre- in the flowchart and / or block diagram block or blocks . These 
dictor 850 and the decision module 852 . computer readable program instructions may also be stored 

In one embodiment , a program , such as ApacheTM , can be 30 in a computer readable storage medium that can direct a 
stored for operating the system as a Web server . In one computer , a programmable data processing apparatus , and / 
embodiment , the HDD 806 can store an executing applica or other devices to function in a manner , such that the 
tion that includes one or more library software modules , computer readable storage medium having instructions 
such as those for the JavaTM Runtime Environment program stored therein comprises an article of manufacture including 
for realizing a JVM ( JavaTM virtual machine ) . 35 instructions which implement aspects of the function / act 

specified in the flowchart and / or block diagram block or 
CONCLUSION blocks . 

The computer readable program instructions may also be 
The descriptions of the various embodiments of the loaded onto a computer , other programmable data process 

present teachings have been presented for purposes of 40 ing apparatus , or other device to cause a series of operational 
illustration , but are not intended to be exhaustive or limited steps to be performed on the computer , other programmable 
to the embodiments disclosed . Many modifications and apparatus or other device to produce a computer imple 
variations will be apparent to those of ordinary skill in the mented process , such that the instructions which execute on 
art without departing from the scope and spirit of the the computer , other programmable apparatus , or other 
described embodiments . The terminology used herein was 45 device implement the functions / acts specified in the flow 
chosen to best explain the principles of the embodiments , the chart and / or block diagram block or blocks . 
practical application or technical improvement over tech- The call - flow , flowchart , and block diagrams in the figures 
nologies found in the marketplace , or to enable others of herein illustrate the architecture , functionality , and operation 
ordinary skill in the art to understand the embodiments of possible implementations of systems , methods , and com 
disclosed herein . 50 puter program products according to various embodiments 

While the foregoing has described what are considered to of the present disclosure . In this regard , each block in the 
be the best state and / or other examples , it is understood that flowchart or block diagrams may represent a module , seg 
various modifications may be made therein and that the ment , or portion of instructions , which comprises one or 
subject matter disclosed herein may be implemented in more executable instructions for implementing the specified 
various forms and examples , and that the teachings may be 55 logical function ( s ) . In some alternative implementations , the 
applied in numerous applications , only some of which have functions noted in the blocks may occur out of the order 
been described herein . It is intended by the following claims noted in the Figures . For example , two blocks shown in 
to claim any and all applications , modifications and varia- succession may , in fact , be executed substantially concur 
tions that fall within the true scope of the present teachings . rently , or the blocks may sometimes be executed in the 

The components , steps , features , objects , benefits and 60 reverse order , depending upon the functionality involved . It 
advantages that have been discussed herein are merely will also be noted that each block of the block diagrams 
illustrative . None of them , nor the discussions relating to and / or flowchart illustration , and combinations of blocks in 
them , are intended to limit the scope of protection . While the block diagrams and / or flowchart illustration , can be 
various advantages have been discussed herein , it will be implemented by special purpose hardware - based systems 
understood that not all embodiments necessarily include all 65 that perform the specified functions or acts or carry out 
advantages . Unless otherwise stated , all measurements , val- combinations of special purpose hardware and computer 
ues , ratings , positions , magnitudes , sizes , and other speci- instructions . 
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While the foregoing has been described in conjunction 4. The system of claim 1 , wherein the complement of the 
with exemplary embodiments , it is understood that the term selected input features is based on one or more input features 
“ exemplary ” is merely meant as an example , rather than the not selected by the generator network for the first predictor 
best or optimal . Except as stated immediately above , nothing network . 
that has been stated or illustrated is intended or should be 5 5. The system of claim 1 , wherein the computer is 
interpreted to cause a dedication of any component , step , configured to : 
feature , object , benefit , advantage , or equivalent to the compare the first output label to the second output label ; 
public , regardless of whether it is or is not recited in the and 
claims . upon determining that the first output label is within a 

It will be understood that the terms and expressions used 10 predetermined threshold from the second output label , 
herein have the ordinary meaning as is accorded to such adjusting the generator network to change a selection of 
terms and expressions with respect to their corresponding the one or more input features from the corpus of data . 
respective areas of inquiry and study except where specific 6. The system of claim 5 , wherein adjusting the generator 
meanings have otherwise been set forth herein . Relational network to change a selection of the one or more input 
terms such as first and second and the like may be used 15 features from the corpus of data comprises : including input 
solely to distinguish one entity or action from another features from the complement of the selected input features 
without necessarily requiring or implying any actual such from the generator network . 
relationship or order between such entities or actions . The 7. The system of claim 5 , wherein the generator network 
terms “ comprises , " " comprising , " or any other variation is iteratively adjusted until the first output label is outside a 
thereof , are intended to cover a non - exclusive inclusion , 20 predetermined second threshold from the second output 
such that a process , method , article , or apparatus that com- label . 
prises a list of elements does not include only those elements 8. The system of claim 1 , wherein the first and second 
but may include other elements not expressly listed or output labels are binary . 
inherent to such process , method , article , or apparatus . An 9. The system of claim 1 , wherein the training is unsu 
element proceeded by “ a ” or “ an ” does not , without further 25 pervised . 
constraints , preclude the existence of additional identical 10. The system of claim 1 , wherein the number of input 
elements in the process , method , article , or apparatus that features identified by the generator network is limited based 
comprises the element . on a computational capability of the computer . 

The Abstract of the Disclosure is provided to allow the 11. The system of claim 1 , wherein the generator network 
reader to quickly ascertain the nature of the technical dis- 30 is an introspective generator that predicts a label before 
closure . It is submitted with the understanding that it will not selecting the one or more input features from the corpus of 
be used to interpret or limit the scope or meaning of the data . 
claims . In addition , in the foregoing Detailed Description , it 12. The system of claim 11 , wherein the generator net 
can be seen that various features are grouped together in work has a classifier having an architecture that is similar to 
various embodiments for the purpose of streamlining the 35 that of the first predictor network . 
disclosure . This method of disclosure is not to be interpreted 13. A computing device comprising : 
as reflecting an intention that the claimed embodiments have a processor ; 
more features than are expressly recited in each claim . a storage device coupled to the processor ; 
Rather , as the following claims reflect , inventive subject a program stored in the storage device , wherein an execu 
matter lies in less than all features of a single disclosed 40 tion of the program by the processor configures the 
embodiment . Thus , the following claims are hereby incor- computing device to perform acts comprising : 
porated into the Detailed Description , with each claim receiving a corpus of data by a generator network ; 
standing on its own as a separately claimed subject matter . selecting one or more input features from the corpus of 
What is claimed is : data by the generator network ; 
1. A computer implemented system for training a natural 45 receiving the one or more selected input features from the 

language processing network , comprising : generator network by a first predictor network ; 
a generator network operative to receive a corpus of data predicting a first output label by the first predictor net 

and select one or more input features from the corpus work based on the received one or more selected input 
of data ; features ; 

a first predictor network operative to receive the one or 50 receiving a complement of the selected input features 
more selected input features from the generator net- from the generator network by a second predictor 
work and predict a first output label based on the network ; and 
received one or more selected input features ; and predicting a second output label by the second predictor 

a second predictor network operative to receive a comple network , based on the received complement of the 
ment of the selected input features from the generator 55 selected input features . 
network and predict a second output label based on the 14. The computing device of claim 13 , wherein the 
received complement of the selected input features . generator network is configured to play an adversarial game 

2. The system of claim 1 , wherein the generator network with the second predictor network to make the second 
is configured to play an adversarial game with the second predictor network as ineffective to predict an output similar 
predictor network to make the second predictor network as 60 to that of the first predictor network , as possible . 
ineffective to predict an output similar to that of the first 15. The computing device of claim 13 , wherein the 
predictor network , as possible . complement of the selected input features is based on one or 

3. The system of claim 1 , wherein the generator network more input features not selected by the generator network 
is configured to play a minimax game with the second for the first predictor network . 
predictor network to make the second predictor network as 65 16. The computing device of claim 13 , wherein execution 
ineffective to predict an output similar to that of the first of the program by the processor further configures the 
predictor network , as possible . computing device to perform acts comprising : 

a 
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comparing the first output label to the second output label ; predicting a second output label by the second predictor 
and network , based on the received complement of the 

upon determining that the first output label is within a selected input features . 
predetermined threshold from the second output label , 20. The non - transitory computer readable storage medium 
adjusting the generator network to change a selection of 5 of claim 19 , wherein the generator network is configured to 
the one or more input features from the corpus of data play an adversarial game with the second predictor network 
by including input features from the complement of the to make the second predictor network as ineffective to 
selected input features from the generator network . predict an output similar to that of the first predictor net 

17. The computing device of claim 16 , wherein the work , as possible . 
generator network is iteratively adjusted until the first output 21. The non - transitory computer readable storage medium 
label is outside a predetermined second threshold from the of claim 19 , wherein the complement of the selected input 
second output label . features is based on one or more input features not selected 

18. The computing device of claim 13 , wherein the by the generator network for the first predictor network . 
generator network is an introspective generator that predicts 22. The non - transitory computer readable storage medium 
a label before selecting the one or more input features from 15 of claim 19 , further comprising : 
the corpus of data . comparing the first output label to the second output label ; 

and 19. A non - transitory computer readable storage medium 
tangibly embodying a computer readable program code upon determining that the first output label is within a 
having computer readable instructions that , when executed , predetermined threshold from the second output label , 
causes a computer device to carry out a method of training adjusting the generator network to change a selection of 
a natural language processing network , comprising : the one or more input features from the corpus of data 

receiving a corpus of data by a generator network ; by including input features from the complement of the 
selecting one or more input features from the corpus of selected input features from the generator network . 

data by the generator network ; 23. The non - transitory computer readable storage medium 
receiving the one or more selected input features from the 25 of claim 22 , wherein the generator network is iteratively 

generator network by a first predictor network ; adjusted until the first output label is outside a predeter 
predicting a first output label by the first predictor net mined second threshold from the second output label . 
work based on the received one or more selected input 24. The non - transitory computer readable storage medium 

of claim 19 , wherein the generator network is an introspec 
receiving a complement of the selected input features 30 tive generator that predicts a label before selecting the one 

from the generator network by a second predictor or more input features from the corpus of data . 
network ; and 

20 
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features ; 


